ABSTRACT: Biological diversity is the basis for a wide array of goods and services provided by forests. The variety of forest trees and shrubs plays a vital role in the daily life of forest communities. The purpose of this study is to investigate the possibility of modelling the diversity of tree species by characteristics of topography, soil and climate, using data mining algorithms k-NN, RF and SVM in Dr. Bahramnia forestry plan in the north of Iran. Based on the basal area factor for each species in a total of 518 sample plots, diversity indices such as species richness, evenness and heterogeneity were calculated for each plot. Topographic maps of primary and secondary properties were prepared using the digital elevation model. Categories of the soil and climate maps database of Dr. Bahramnia forestry plan were extracted. Modelling rates of tree and shrub species diversity using data mining algorithms, with 80% of the sampling plots were taken. Assessment of the model accuracy, using 20% of samples and evaluation criteria, was conducted. Results showed that topographic features, especially elevation, had the highest impact on the species diversity index. The modelling results also showed that Camargo evenness index had lowest root mean square error (RMSE) (0.14) and RMSE% (24.35), compared to other indicators of diversity. In addition, the results of the comparison between the algorithms showed that the random forest algorithms were more accurate in modelling the diversity.
Diversity or taxonomy is the middle level of hierarchical biodiversity classification and its purpose is to assess the diversity of plant and animal species within certain areas (van der Maarel 2005) . The main concern is to compare taxonomic groups in different geographical areas. Diversity is a significant part of biodiversity and can be divided into two categories: the first is richness and the second is evenness (Ludwing, Reynolds 1988; Maguran 1996; Krebs 1999) . Richness is one of the basic indicators for measuring diversity in terms of the region and it has a direct, scientific effect on diversity, meaning that the higher the number of species, the higher the diversity. On the other hand, evenness is an indicator that shows the distribution of trees in different classes of species (Ejtehadi et al. 2010) . When comparing two different populations that have the same richness, the population that has higher evenness has higher diversity. On the contrary, when comparing two different populations that have the same evenness but not the same richness, the population with higher richness has higher diversity. In places where these two components (richness and evenness) are different, identifying areas with higher diversity becomes a difficult task. In order to solve this problem, nonparametric methods are used through the combination of richness and evenness components (Ardestani et al. 2010) .
Forest diversity in the northern part of Iran is one of the richest forest ecosystems of the temperate forests. In order to achieve sustainable develSupported by the Czech University of Life Sciences Prague, Project No. B07/15. opment, further study of ecological and environmental factors which affect this ecosystem and the diversity of this forest is crucial (Fallahchay, Marvie Mohajer 2005; Marvie Mohajer 2006) . Some of the ecological factors which can affect biodiversity are elevation, aspect, slope, climate, and human activities (Ejtehadi et al. 2010 ). So far there are different kinds of studies that have been conducted in different territories, trying to predict or investigate diversity distribution related to topographic factors (Pourbabaee 1998; Marvie Mohajer 2005; Gracia et al. 2007; Ismailzadeh, Hosseini 2007; Ghanbari 2008; Saatchi et al. 2008; Kymasi 2012) , edaphic (Qomioghli et al. 2006; Ejtehadi et al. 2010; Kymasi 2012 ) and climatic factors (Mehdinya et al. 2006; Parmentier 2011; Gixhari et al. 2012) . One of the main purposes of modelling research is to clarify the most appropriate method, regarding the spatial prediction of forest characteristics, based on sampling methods (Kint et al. 2003) .
Spatial analyses belong among the non-classical methods for data processing in order to estimate the information on unmeasured areas (Whittaker 1977) . The principle of these models is based on the hypothesis that environmental factors can control the spatial distribution of plants (Ghanbari et al. 2011) . Different kinds of models such as remote sensing techniques, geostatistics, generalized linear regression, neural networks, nearest neighbours, decision trees and their variants, for example random forest, have been used to predict the biological characteristics of forests. According to Franklin (1998) and Shataee et al. (2012) , nearest neighbours, support vector machine and random forest, which can do both classification and regression, are the most common algorithms among data mining algorithms. Many researchers used these algorithms to model the quantity of forest characteristics (Ismail, Mutango 2010; O'Sullivan et al. 2010; Parmentier 2011; Yazdani 2011; Shataee et al. 2012) . Moreover, the advantages of non-parametric algorithms rely on the fact that they are not sensitive to a high number of independent variables as inputs for modelling.
The objective of this study is to investigate the possibility of modelling the spatial distribution of tree diversity using topographic, edaphic and climatic factors through three different types of algorithms.
MATERIAL AND METHODS
Study area. The study area is located in the southwest from Gorgan city in Golestan province in Iran (36°43'-36°46'N, 54°21'-54°24'E). The total area is (Fig. 1) . The elevation of the study area ranges from 220 to 1,012 m a.s.l. and the slope range is between 0 and 80% and the soil type is brown and grey-brown. The average precipitation is 649 mm.
In regard to the aspect, 45% of the total area is facing the west, 42% the north, 10% the east and 3% the south. Concerning the forest type, the majority of the area is covered by Carpinus-Zelkova. There were also other types of forest such as: ZelkovaCarpinus, Fagus-Carpinus and Fagus.
Ground Data. To calculate the diversity indicators, we used the information on measured trees from 518 permanently visible sample plots with a radius of 17.5 m that were used in a systematic network of 150 × 200 m grids. The geographic position of plot centres and forest attributes such as diameter, height, crown diameter, name of species and tree health status were recorded on inventory forms. We included all trees with diameters greater than 10 cm for measuring the diversity indicators. Based on the basal area factor for each species in each plot, we were able to extract and calculate the amount of diversity indicators using the ecological methodology software by Krebs (1999) .
We then constructed a digital elevation model -DEM (cell size = 30 m) for the study area using the topographic map (1:25000 scale and with 10 m contour interval). To check the DEM quality, we first used the hillshade tool to create a shaded relief from DEM, by considering the illumination source angle and shadows in order to be able to visually identify large errors (noise and sudden change in values). Then, we used the contour tool to recreate the contours from DEM (15 m contour interval), and finally we compared the original contours with new contours which came from interpolation.
Using a variety of software such as ArcGIS (Version 9.3, 2008) and TAS (Version 1.0, 2003), we used DEM to construct primary and secondary topographic characteristic maps (Tables 1 and 2) . Climatic maps such as: average annual precipitation (Eq. 1), average annual temperature (Eq. 2) and average annual evaporation (Eq. 3) were made using DEM in ArcGIS software and the formula for the Ghare Sou area based on information of metrological stations for our study area during two decades (Byroodyan 1990) :
where: Y -average annual precipitation (mm), X -elevation.
where: T -average annual temperature (°C).
where: ETP -average annual evaporation (mm).
The zonal statistics algorithm was used for extracting the suborder soil factor from Kardgar (2012) and other layers such as topographic and climatic factors using a buffer layer around the centre of the plots (17.5 m radius).
Diversity indicators. There are two different methods for measuring diversity: (i) numerical indicators, (ii) non-numerical or parametrical indicators. Numerical indicators present one number as a result. These types of indicators using richness component or evenness component or both together, can be divided into three categories: (i) richness indicators, (ii) evenness indicators, (iii) heterogeneity indicators. In this study we choose five dif- Table 1 . Primary topographic attributes that were computed by terrain analysis from digital elevation model data in this study (Beven, Kirkby 1979; Moore et al. 1993 ferent kinds of indicators for measuring diversity based on previous research, study of changing the tree and shrub diversity in different environmental conditions which was conducted by Abdollahnejad and Shataee (2014).
(1) Richness indicators. These indicators are the simplest and oldest method for measuring the diversity and they are based on the number of species (s) and total number of individuals in the sample (N), one of these indicators is so called Menhinick's index -D Mn (Whittaker 1977) , as Eq. 4:
(2) Evenness indicators. For evenness indicators we used two different types of index: (i) Camargo index (E'). Richness and scarce species cannot influence the Camargo index (Camargo 1992) , as Eq. 5:
where: P i -number of i species, P j -number of j species, S -total number of species.
(ii) Smith and Wilson index (E var ). This index, suggested by Smith and Bastow Wilson (1996) , is based on the variance of species frequency, as Eq. 6:
where: n i -number of i species, n j -number of j species, S -total number of species in all the samples. For steady-state flow conditions, it describes the spatial distribution of the saturation zone for runoff generation, soil transition, slope gradient.
Radiation indices
where: R ne -estimated net radiation (W·m -2 ), α -albedo (dimensionless), R -incoming short wave solar radiation (W·m -2 ), σ -Stefan-Boltzmann constant (5.67 × 10 -8 W·m -2 ·°K -4 ), ε a -atmospheric emissivity (dimensionless), determined according to equation ε a = φ(e a /T a )1/7 (Brutsaert 1975 ), φ -empirical coefficient, e a -air vapor pressure (kPa), T a -air temperature (°K), ε s -surface emissivity (dimensionless), T s -surface temperature (°K).
The three main terms account for direct-beam, diffuse, and reflected irradiance. A variety of methods are used by different authors to calculate these individual components. The methods vary tremendously in terms of sophistication, input data, and accuracy.
(3) Heterogeneity indicators. (i) Shannon-Wiener index (H'). This index is the most common index and it can be calculated using Shannon and Weaver (1949) , as Eq. 7:
where: P i -percentage of i species, s -number of species.
(ii) Simpson index (D). This is the most popular and the first non-parametric index for diversity and it is more sensitive to evenness than to richness. It can be calculated using Simpson (1949) , as Eq. 8:
Calculation of diversity indicators. For each plot, we calculated the cross-sectional area of each tree using the diameter, and then according to the tree species we were able to calculate the total basal area of each species in a sample plot using the ecological methodology software by Krebs (1999) .
Applied algorithms. The prediction of tree diversity was based on 80% of the samples (414 plots) with different independent variables, such as topography, climate, edaphic factors and several different combinations of these variables.
Three different kinds of data mining algorithms were used to predict the diversity of tree species in the whole study area (all measured plots), and for our calculations we used the Statistica software (Version 7.0.61, 2006) . k-Nearest Neighbour (k-NN) is the most common algorithm based on training samples. The hypothesis of this algorithm is that all the samples are located in a space with n dimensions and it specifies the neighbours, based on the standard Euclidean distance.
The meaning of k is the number of nearest neighbours. In order to find the optimal number of k, we used the cross-validation method with k ranging from 1 to 50. To measuring the metric distance between the known (neighbour plots) and unknown plots (estimated plots using neighbours data), we used weighted Euclidean distance as the most appropriate option, providing comparison with other options that the software has.
Another algorithm that we used for estimating the diversity of species was Random Forest (RF) algorithm. To apply RF algorithm, we used 400 decision trees and we considered 5 as the minimum and 100 as the maximum number of nodes for each decision tree.
The final algorithm that we used was the so-called Support Vector Machine (SVM). The option that we used considers two kernel functions where one is the so-called type-1 regression and the other is the Radial Basis Function (RBF). Moreover, for improving the accuracy of the model prediction, we used the cross-validation method (Yazdani 2011; Shataee et al. 2012) .
Assessing the accuracy of modelling. The purpose of this assessment was mainly to investigate the ability of the models that we used for estimating diversity using training samples. We used relative root mean square error (RMSE), RMSE%, BIAS and BIAS% in order to evaluate the accuracy of the algorithm results.
RESULTS
The results of the inventory plots showed that the majority of the populations comprised 8 different species. In addition, the number of species as described in Table 3 had a high variance between the plots. As an example, based on inventory data we observed that in some plots there was only one spe- cies (low richness) while in other plots we found up to seven different species (high richness). Using different combinations of independent variables: (i) topographic, (ii) edaphic, (iii) climatic ones, we created continuous maps for the whole study area where the results of accuracy evaluation by using 20% of the plots (testing plots) showed that the RF algorithm had the highest accuracy ~99% 10 affecting layers k-NN -k-Nearest Neighbour algorithm, SVM -Support Vector Machine algorithm, RF -Random Forest algorithm, RMSE -root mean square error Feature Selection and Variable Screening algorithms were used to find the 10 most important predictors that highly influence the variable of interest (Table 6 ). The results from estimation using these layers showed that the RF algorithm had the highest accuracy of modelling evenness and heterogeneity indicators and k-NN had the highest prediction accuracy of richness index (RMSE% = 30.96).
DISCUSSION AND CONCLUSIONS
According to the results of Menhinick's index (richness index) and heterogeneity indicators, we found out that modelling based on all independent variables had the highest accuracy. These results also showed that evenness maps which were made by topographic variables had the highest accuracy. From the conclusions above it is evident that richness and heterogeneity indicators are more connected to environmental factors like soil and climate, compared to the evenness indicators. According to the results of Table 6 it is clear that topographic factors, specifically elevation, had the most significant influence on the distribution of tree diversity. Changes in elevation can cause different environmental conditions such as temperature, precipitation, moisture, solar radiation, air pressure etc. and eventually they can affect the spatial distribution of trees. Moreover, due to the difficulties of human activities (selective cutting) at higher elevations these areas are closer to natural patterns (different frequency of species). Many studies like Peffer et al. (2003) , Marvie Mohajer (2006) , Gracia et al. (2007) , Guoyu (2011) , Shirzad and Tabari (2011), Kymasi (2012) , and Momeni Moghaddam et al. (2012) have shown that elevation is the most important environmental factor affecting the spatial distribution of species. This conclusion is also verified in our study. Additional research of Bale et al. (1998) and Ghanbari et al. (2011) showed that topographic factors like slope and aspect can also influence the spatial distribution of tree species. Different amounts of solar radiation, exposure, airflow pressure, water flow sources, density of cloud cover and fog in different aspects can cause different environmental conditions that can affect the distribution and combination of tree species.
In addition, a varying amount of soil drainage in different percentages of slope can affect soil conditions and create an altered habitat for tree species.
Solar radiation is one of the secondary topographic characteristics that cause a significant impact on the spatial distribution of trees. According to Table 6 , solar radiation had the greatest affect among the secondary topographic characteristics (Peffer et al. 2003; Saatchi et al. 2008; Ghanbari et al. 2011) . Overall, using topographic layers can yield reasonable outputs in the modelling of spatial distribution of plants and diversity (Zimmermann, Kienast 1999) .
In our study, according to Table 6 , soil characteristics such as soil nutrients, soil depth, soil humidity and types of soil were some of the most important factors in the distribution of tree species because they influence site conditions (McKenney, Pedlar 2003; Stephenson et al. 2006) .
Regarding the algorithms that were used in this paper, the results comparing different algorithms showed that RF had the highest accuracy compared to both k-NN and SVM. The ability of RF in determining important coefficients, weighting the independent variables and its non-necessity of decision tree structure pruning are all factors that enhance the functionality and effectiveness of this algorithm. On the contrary, k-NN and SVM algorithms use the same proportions of weighting for all independent variables (Kernes, Ohmann 2004) . Comparing this with other algorithms, data mining algorithms are easier to comprehend; they need little data preparation (no need to normalize data) and can handle numerical and categorical data, in addition to that, a large amount of data can be analysed by data mining algorithms in a reasonable time. As a result, this enables researchers to study the effects of different independent variables on one factor simultaneously. Also, data mining algorithms such as RF can compare the effectiveness of independent variables and consider different weights for independent layers (input data) in the modelling process. Data mining algorithms with this potential for classification and regression of forest attributes at a high level of accuracy and robustness can be used as a promising approach in a wide range of forest research. In conclusion, the above forestry plan was under management for many years, which affected the structure and combination of tree species and disconnected the links between the current forests and environmental factors. In other words, this type of managed forest appears to be completely different from a natural forest and as a result there is no pure connection between this forest and environmental conditions. In future work, we suggest this type of research for unmanaged forests which are not influenced by human activities and are more connected to topographic and edaphic factors.
